Crop condition assessment in the early growing stage is essential for crop monitoring and crop yield prediction. A normalized difference vegetation index (NDVI)-based method is employed to evaluate crop condition by inter-annual comparisons of both spatial variability (using NDVI images) and seasonal dynamics (based on crop condition profiles). Since this type of method will generate false information if there are changes in crop rotation, cropping area or crop phenology, information on cropped/uncropped arable land is integrated to improve the accuracy of crop condition monitoring. The study proposes a new method to retrieve adjusted NDVI for cropped arable land during the growing season of winter crops by integrating 16-day composite Moderate Resolution Imaging Spectroradiometer (MODIS) reflectance data at 250-m resolution with a cropped and uncropped arable land map derived from the multi-temporal China Environmental Satellite (Huan Jing Satellite) charge-coupled device (HJ-1 CCD) images at 30-m resolution. Using the land map's data on cropped and uncropped arable land, a pixel-based uncropped arable land ratio (UALR) at 250-m resolution was generated. Next, the UALR-adjusted NDVI was produced by assuming that the MODIS reflectance value for each pixel is a linear mixed signal composed of the proportional reflectance of cropped and uncropped arable land. When UALR-adjusted NDVI data are used for crop condition assessment, results are expected to be more accurate, because: (i) pixels with only uncropped arable land are not included in the assessment; and (ii) the adjusted NDVI corrects for interannual variation in cropping area. On the provincial level, crop growing
Introduction
The past two decades have seen an increasing demand for timely, transparent and accurate information on global agricultural monitoring for enhancing food security at global, national and sub-national scales. Information about the condition of crops in early crop-growing stages (before harvest) can help indicate potential food surpluses and shortages and support related decision-making [1] . It is essential to facilitate food price stability for agriculture importers and exporters, especially when production shortfalls are anticipated [2] . Several countries and organizations currently employ crop monitoring systems to monitor their own countries' or regional and global crop production [3, 4] . In the United States, the US Department of Agriculture (USDA) Foreign Agricultural Service (FAS) provides crop monitoring as part of its Global Agricultural Monitoring (GLAM) program [3] . The European Commission operates its AGRI4CAST program implemented by the European Commission Joint Research Center under the Monitoring Agricultural Resources (MARS) program [5] [6] [7] [8] [9] . FAO has established the Global Information and Early-Warning System (GIEWS) [10] , which focuses on food and agriculture at the global scale. The CropWatch system developed by the Institute of Remote Sensing and Digital Earth (RADI), Chinese Academy of Sciences (CAS), is designed specifically to use remote sensing data to assess national and global crop production and related indicators [4] . The U.S. Agency for International Development (USAID) Famine Early Warning System Network (FEWS-NET) collaborates with international, regional and national partners to provide timely and rigorous early warning and vulnerability information on emerging and evolving food security issues [11] . India operates the Crop Acreage and Production Estimation (CAPE) system [12] . Canada has the Crop Condition Assessment Program (CCAP) [13] , and Brazil has the Geosafras program [14] .
While a variety of methods are employed, crop condition monitoring is a key component for all these systems [15] . It is particularly important to obtain the crop condition information at an early stage of the crop-growing season, especially for major crop producing and exporting countries [16] . Crop condition in this paper represents the growth status of crops compared with that in a certain reference period [17, 18] . In most cases, the crop condition is assessed by using various satellite-derived indices. The normalized difference vegetation index (NDVI), an indicator of the level of photosynthetic activity, reflecting whether the vegetation is stressed or not, is one of the most commonly used indices [1, 3, 4, 11, [19] [20] [21] [22] [23] . Furthermore, the leaf area index (LAI), the fraction of absorbed photosynthetically active radiation (FAPAR), the temperature condition index (TCI), the vegetation condition index (VCI) and the normalized difference water index (NDWI) have been tested for their suitability and validity for crop condition and crop stress monitoring under different environmental conditions around the world [9, [24] [25] [26] . Based on a multi-year comparison of those various remote sensing-based indices, analysts have combined both current snapshot and seasonal dynamics to evaluate crop conditions and provide information for early crop production evaluation [1, 3, 4, 22] .
However, the inter-annual variability of phenology and crop rotation are a major source of uncertainty for crop condition assessment. The result is that information on crop condition variation is mixed with variation in crop phenophase and crop types [27] . Due to the inter-annual variability of crop phenology, crop rotation and cropping area, crop condition monitoring will generate misleading information in the presence of a large change in crop phenology, crop rotation and/or cropping area from the base year to the monitoring year. This is the main source of uncertainty for crop condition monitoring. Accordingly, this paper aims to reduce the uncertainty caused by changes in crop rotation and cropping area by integrating high spatial resolution multi-temporal China Environmental Satellite (Huan Jing Satellite, HJ-1) charged-coupled device (CCD) images and time series MODIS NDVI products. A method is proposed to generate an adjusted NDVI using an uncropped arable land ratio (UALR). Crop condition assessments (both current snapshots and seasonal dynamics) are compared with and without the use of the proposed method.
Data and Study Area

Site Description
The study area, on the North China Plain (NCP), one of China's major grain producing regions, extends from 32°00′N to 40°24′N and 112°48′E to 122°45′E, an area of approximately 310,000 km 2 ( Figure 1 ). Seven mega-cities/provinces are situated on the NCP (Beijing, Tianjin and parts of Hebei, Shandong, Henan, Anhui and Jiangsu provinces). The mean annual precipitation ranges between 480 and 1050 mm, concentrated between June and September during the summer monsoon [28] . According to Generic Soil Classification of China and Soil Taxonomy, Inceptisols dominate the North China Plain [29] . The plain has very diverse climatic conditions, from a cold, arid steppe regime to a humid, warm temperate regime with hot summers according to the data derived from the FAO New_LocClim database [30] (Table 1) . Most of the region belongs to the warm temperate climatic zone. Farming practices and rain-fed production potential vary accordingly. Multiple cropping systems are mainly practiced in southern portions of the NCP; central areas are generally dominated by the rotation of winter wheat and maize and the relay intercropping of winter wheat and cotton; and northern areas mainly practice a single cropping system, because of the cold climate and short frost-free period [31] . Spring maize and cotton are the main crops in areas with a one-crop-a-year system. The study area is characterized by the cultivation of wheat, maize, rice, cotton, groundnut, soybean, vegetables and other small crops in farms subdivided into very small parcels belonging to multiple families [27, 32] . 
Field Survey
Ground surveys were carried out from 25 April to 2 May 2010, and 23 April to 3 May 2011. A handheld global positioning system (GPS) from Unistrong Science & Technology Co., Ltd, Beijing, China, with a positional accuracy of <5 m, was used to record the boundary of sampled fields. Based on the field surveys, samples for two classes, namely cropped and uncropped arable land, were obtained. Half of the samples were randomly selected as training samples, and the remaining half were used for the classification accuracy evaluation. The training and validation samples had no overlap.
Remote Sensing Data
The China Environment Satellite is an Earth observation, small satellite constellation containing three satellites (HJ-1A, HJ-1B and HJ-1C) for environment and disaster monitoring. The technical specifications of the on-board cameras on the HJ-1A and HJ-1B satellites are listed in Table 2 . Images and orbital characteristics are available on the web page of the China Centre for Resources Satellite Data and Applications (CRESDA) [33] . HJ-1A/B charge-coupled device (CCD) images were acquired for late-March and early May for both 2010 and 2011 based on the winter crop phenology. Seven images were needed to cover the whole study area, and a total of 28 cloudless images were collected. Image processing, which included geo-correction, radiance calibration and atmospheric correction, used the ENVI 4.8 software. An average root mean square error (RMSE) of 0.87 pixels was achieved for these images. NDVI images for each CCD image were generated and mosaicked into a single CCD NDVI image for the entire study area. Based on the acquisition dates, a total of four CCD NDVI images for the NCP study area were generated for late-March and early May in 2010 and 2011.
Time series of 16-day composite MODIS NDVI products and reflectance products from Terra and Aqua satellites at 250-m resolution were acquired for October to June for both 2010 and 2011 using NASA's Reverb tool [34] . Five tiles (h26v04, h26v05, h27v04, h27v05 and h28v05) were used for crop condition assessment.
Auxiliary Data
A land-cover map for 2010 at a scale of 1:100,000, derived from HJ-1 CCD images [35] , was used to separate arable from non-arable land. This vector database was clipped to provincial boundaries.
Method
Uncropped Arable Land Ratio (UALR) Derivation
The first step for UALR calculation is the separation of cropped fields and uncropped fields over the arable land fields. Arable land was extracted using the 2010 land-cover map. Over the arable land, the differences in the CCD NDVI between late-March and early May were calculated for both 2010 and 2011, and cumulative frequency histograms of these differences were constructed for the training samples for both years. We tried to acquire cloudless images, but there were still a few cloudlets in some of the images. In order to reduce the impact of unfavorable weather conditions, an initial NDVI threshold value of 0.4 for early May was used to identify cropped land. According to the winter crop phenology, winter crops are at the growing peak in early May, while bare soil or only sparse weeds can be observed over uncropped arable land. Otherwise, a threshold for the differences in the CCD NDVI between late-March and early May was used to separate cropped and uncropped arable land fields. The maximum difference in NDVI over the training samples was not taken as the CCD NDVI difference threshold, because of the noise in NDVI images [36, 37] . In this paper, we found that when the threshold was set as 98% cumulative frequency of NDVI differences, the highest identification accuracy of cropped and uncropped arable fields can be achieved. A similar method was used to extract maximum or minimum NDVI for each biome [37] [38] [39] [40] . The corresponding decision tree used to identify cropped and uncropped arable land fields is shown in Figure 3 .
The accuracy evaluation of the cropped and uncropped arable land maps was based on the independent validation samples. To evaluate the classification results, classification accuracy measures (including the producer's accuracy, the user's accuracy for each type and the overall accuracy) and kappa statistics estimated from the confusion matrix were used [41] . To generate the UALR map, the cropped/uncropped distribution map was resampled to a 250-m resolution using the nearest neighbor resample method. The values for each 250-m pixel were obtained by counting the number of uncropped (Nuc) and cropped (Nc) pixels at 30-m resolution located in each 250-m pixel. The uncropped arable land ratio (UALR) for each pixel was calculated using the equation:
UALR was assumed to be stable during the growing season.
Linear Spectral Unmixing Using UALR
For the MODIS images, each pixel was considered as a mixture of two endmembers, namely cropped and uncropped arable land. It was assumed that reflectance of cropped arable land and uncropped arable land is linearly mixed based on the proportions of each type. Only red band and near-infrared band reflectance was used for the spectral unmixing analysis. The red band and near-infrared band reflectance of cropped arable land for each pixel was found by solving the equations:
where ρ R and ρ NIR are the reflectance of the red band and near-infrared band in a given MODIS pixel, UALR is the ratio of uncropped arable land in the pixel and ρ Rcropped /ρ NIRcropped and ρ Runcropped /ρ NIRuncropped are the red band and near-infrared band reflectance of the endmembers. The average reflectance for red and near-infrared bands at each acquisition date of MODIS was calculated over the pixels for which UALR was higher than 98% to represent ρ Runcropped /ρ NIRuncropped . Since Inceptisols is the dominant soil order in the North China Plain [29] , it is assumed that the band reflectance of uncropped arable land is relatively constant throughout the study area.
Using Equation (3), ρ Rcropped and ρ NIRcropped can be derived as follows:
NDVI values of pure cropped arable land (UALR-adjusted NDVI) for each pixel can then be derived using ρ Rcropped and ρ NIRcropped in Equation (3), as well as the following equation:
Crop Condition Monitoring Method
Based on the NDVI purification method described in Section 3.2, the UALR-adjusted NDVI time series derived from the 16-day composite MODIS band reflectance data were used for crop condition assessment. Inter-annual comparisons of UALR-adjusted NDVI for corresponding time periods and the seasonal dynamics of the UALR-adjusted NDVI time series (the NDVI profile) were employed for crop condition monitoring [1] . NDVI profiles were developed based on the statistical average of UALR-adjusted NDVI in a particular region.
For current snapshots, two NDVI images representing comparable periods from the current and previous years are compared to identify areas where crop conditions are worse, better or similar/normal [17, 18] . In the paper, for each pixel, crop condition is defined as worse if the NDVI difference between the current and previous years is lower than −0.075, while a better crop condition represents pixels with NDVI difference between the current and previous years larger than 0.075. Otherwise, crop condition is at the normal level. Below the normal crop condition (worse or slightly worse condition) indicates decreases of spatial greenness in the monitoring period compared with the reference period, which relates to unhealthy crop, drought effects and a smaller area under crop. The better crop condition represents increases of spatial greenness over time, which relates to better environmental conditions, better crop management and more cropping areas. The inter-annual comparison can pinpoint areas with abnormal conditions. For seasonal dynamics, a time series of NDVI images across the growing season is used to develop crop-growth profiles based on the statistical average of the NDVI (weighted for the percentage of farmland) in a region or country compared to those from previous years [16, 22, 42] . The process uses counties as the basic unit for the extraction and reconstruction of crop-growth profiles. The crop condition results of both assessments-the current snapshot and the seasonal dynamic-are combined with information about phenol-phase, agro-meteorological conditions and variations in the crop proportion for a comprehensive analysis and assessment of the crop condition [4] . The error matrix and classification accuracy for cropped and uncropped arable land in 2010 and 2011 is shown in Tables 3 and 4 . Both producer's and user's accuracy exceeded 97% in the two years, except for a user's accuracy of 92.91% for the "cropped" type in 2010. The overall classification accuracy was 97.81% for 2010 and 99.85% for 2011; the kappa coefficients were 0.9485 and 0.9810, which signifies that the classified cropped and uncropped arable land map was in agreement with the ground-truth data. As shown in Table 3 , about 3% of uncropped pixels verified on the ground were misclassified as cropped, whereas almost 7% of cropped pixels were misclassified as uncropped pixels in 2010. For 2011, both omission and commission errors were less than 3% for uncropped and cropped. The commission error for cropped in 2010 was higher mainly due to cloudy conditions on some images. Misclassified pixels usually occurred at the intersection of different HJ-1 CCD images. Figure 5 shows the 250-m resolution UALR maps for the winter crop growing season. Obviously, the distribution of UALR has the same spatial pattern as uncropped arable land. UALR in 2011 was higher than in 2010 in the west coastal areas of Bohai Bay and the Yellow River delta. Furthermore, a larger UALR in western Henan province was observed in 2011 than 2010, though the ratio value was relatively low compared with regions, such as the Yellow River delta. 
Results
Cropped and Uncropped Arable Land Mapping and Accuracy Evaluation
Uncropped Arable Land Ratio
UALR-Adjusted NDVI vs. MODIS NDVI
A linear unmixing technique was applied to the red and NIR band reflectance for MODIS using UALR to generate endmember band reflectance for cropped arable land. UALR-adjusted NDVI was then calculated over the study area from January to June 2010 and 2011. Pixels with a UALR greater than 0.98 were marked as uncropped pixels. MODIS NDVI and UALR-adjusted NDVI values over the regions where UALR was lower than 0.98 were averaged and compared. Figure 6 shows the relationship between MODIS NDVI and UALR-adjusted NDVI. Each point in Figure 6 represents average NDVI at a different acquisition date. Clearly, MODIS NDVI is strongly correlated with UALR-adjusted NDVI (R 2 > 0.99 for both 2010 and 2011), and the intercept of the regression line for both years is very close to zero. After the UALR correction, UALR-adjusted NDVI is larger than the MODIS NDVI. Figure 7 shows the combined histograms for the 16-day combination MODIS NDVI from the 153rd to the 168th day of 2011 and the UALR-adjusted NDVI. A positive non-zero skew is apparent in both data sets, with the skewness value for the UALR-adjusted NDVI larger than for the MODIS NDVI. The spatial average UALR-adjusted NDVI (0.3922) was 2.5% higher than the average MODIS NDVI (0.3827). A scatter plot of all valid NDVI pixels for the MODIS NDVI and UALR-adjusted NDVI is shown in Figure 8 Figure 9 shows the spatial heterogeneity of crop conditions over the NCP study area for early May 2011, compared to the previous year. Figure 9a was generated from the 16-day composite MODIS NDVI data for Julian Days 153 to 168, while Figure 9b was produced from the UALR-adjusted NDVI over the same period. The color coding in the two crop condition maps is the same, except for an additional gray color in Figure 9b Although similar overall, there are some differences in the detail between the two maps. Statistically, for the MODIS NDVI data, 8% of cropland shows a better condition (dark and light green areas) in early May 2011, compared with 2010, and 9.2% is worse (red and orange-red regions), while the rest maintained a similar condition (yellow-green areas). For the UALR-adjusted NDVI data, 13 .4% of cropped land shows a better condition and 14.3% a worse condition. Crop conditions in the southern NCP are noticeably poorer in Figure 9b than that in Figure 9a . This is consistent with the UALR distribution map. Southern NCP (especially south of Henan and north of Anhui) kept more arable land uncropped during the winter crop growing season in 2010 than in 2011. In the neighboring areas of northernmost Henan province and southernmost Hebei province, crop condition was generally normal in 2011 compared with 2010 based on MODIS NDVI data (Figure 9a) , while a poor crop condition is observed from the UALR-adjusted NDVI data (Figure 9b ). 
Crop Condition Assessment Result
Discussion
Highlighted Difference by Using UALR-Adjusted NDVI and MODIS NDVI
The UALR-adjusted NDVI, which incorporates uncropped arable land information, should be used for crop condition assessment rather than the original MODIS NDVI. It generates more accurate crop condition estimates, since it eliminates the influence of inter-annual variability in arable land utilization. The article proposes a method for obtaining NDVI that is adjusted for the fact that parts of a pixel may not be cropped in one year, but may be cropped in another year; adjusting for this difference and then using this UALR-adjusted NDVI for crop monitoring will, by definition, yield more accurate monitoring results, simply by removing the variance in NDVI that is caused by the change in crop area, not crop condition. The UALR-adjusted NDVI then is a more accurate measure of the real crop condition.
As is shown in Figure 11 , uncropped arable land area (b) was much less than that in 2010 (a). Using MODIS NDVI, normal crop condition dominated the area in Figure 11 . However, the more cropping areas in 2011 contributed to the normal crop condition. Actually, the greenness of the cropped area in 2011 was lower than that in 2010. As a result, nearly half of the area in Figure 11d was recognized as in worse condition using UALR-adjusted NDVI. 
Advantages and Shortcomings
The most significant advantage of the proposed method is that it relies only on the identification of cropped and uncropped arable land. It is much easier to identify uncropped arable land than specific crops, especially when only incomplete growing season remote sensing data is available [3, 44] . The accuracy for separating cropped and uncropped arable land was excellent (higher than 97%) in our research, because the reflectance features and seasonal dynamic characteristics of cropped and uncropped arable land are distinctly different [32, 45] . Previous research primarily explored different methods, both supervised and unsupervised, for crop classification. However, most of these methods were only feasible for identifying crops in small regions or areas with relatively low farmland fragmentation [46] . To achieve high accuracy for discriminating between different crops, high resolution images with a pixel size several times smaller than the land parcel size, as well as multi-temporal images are required [47] . These are unaffordable over large regions; consequently, it is impracticable to use crop type distribution maps to produce adjusted NDVI data for crop condition monitoring.
The second advantage of our approach is that it retrieved UALR-adjusted NDVI for pure cropped arable land by using a two-step approach. For the first step, MODIS pixels were considered as a mixture of only two endmembers-cropped and uncropped arable land. According to the linear mixing model (LMM), the band reflectance of a MODIS pixel is assumed to be a linear combination of uncropped and cropped arable land, weighted by the abundance of each endmember in the pixel. The reflectance of the cropped arable land endmember was retrieved by using a linear unmixing technique applied to the reflectance of the red and NIR bands. In the second step, NDVI values for the cropped arable land (UALR-adjusted NDVI) endmember were calculated using the endmember reflectance. In previous research, the NDVI value was simply assumed to be a linear combination of endmembers (cropped and uncropped arable land) NDVI [32] , which introduces more uncertainty and larger errors than when an unmixing technique is applied to the band reflectance images.
The proposed method for crop condition assessment is transferable and directly applicable to other regions at different spatial scales as long as multi-temporal high resolution images and a timely updated land-cover map are available. Given these data, the method can be incorporated into crop monitoring systems. However, there are still some potential difficulties, which are not considered in this paper. It is a great challenge to obtain timely updated land-cover map at a high spatial resolution. If a timely and accurate updated land-cover map is not available, an out-of-date land-cover map, for instance a land-cover map produced five years ago, can also contribute to the crop assessment, but will introduce more error and uncertainty to the results, because of the land-cover change from year to year. Another concern is the impacts of weather condition on the quality of remote sensing images. This is the common disadvantage of optical remote sensing techniques [48] . Fortunately, there were only a few cloudlets in some of the HJ-1 CCD images we acquired in our research. In the regions with persistent cloud cover, cloud should be first identified and excluded in order to minimize the influence on crop assessment. Overall, the proposed method is simple, operational and can be incorporated into existing crop monitoring systems.
Further enhancements are certainly possible. This research assumes that the reflectance of the red and NIR bands for uncropped arable land is relatively constant throughout the study area and that the distribution of uncropped arable land does not change much during the winter crops growing season. In the future, the band reflectance of uncropped arable land will be given values based on different soil and climatic characteristics. A monthly or higher temporal frequency uncropped arable land map should be generated in order to capture the changes of uncropped arable land during the growing season. Furthermore, the crop condition assessment method is still based on a comparison of the snapshot and seasonal dynamics of NDVI images. The variation in crop phenophase from year to year is not considered. Further research will focus on incorporating the inter-annual variation of crop phenology into crop condition assessment. From an agronomy view, crop phenology is significantly related to accumulated temperature during the growing season. In the future, we will try to use accumulated temperature to normalize inter-annual comparisons of NDVI.
Conclusions
In this study, multi-temporal HJ-1 CCD images were used to generate an uncropped to total arable land ratio (UALR). This ratio was applied to time series MODIS reflectance imagery to retrieve an adjusted NDVI for a cropped arable land endmember. This UALR-adjusted NDVI and MODIS NDVI were then used for a crop condition assessment based on an inter-annual comparison of spatial variability and seasonal dynamics. Crop conditions derived from the two different NDVI datasets were compared, analyzed and evaluated for a study area in the North China Plain. The results indicate that the UALR-adjusted NDVI generates more accurate crop condition estimates, since it eliminates the influence of inter-annual variability in arable land utilization, adjusting for the differences in parts of a pixel that may not be cropped in one year, but may be cropped in another year. The proposed method yields more accurate monitoring results, simply by removing the variance in NDVI that is caused by the change in crop area, not the crop condition. Incorporating information on uncropped arable land can play a significant role in reducing the uncertainty from inter-annual variation in the cropping area for crop condition monitoring. Since it is even more important to capture accurate crop conditions in the early growing stage than acquiring the exact production after harvest, the suggested method could be an important addition to existing crop monitoring systems, following further evaluation in other major crop producing regions.
